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rganizing survey results 
into meaningful information 
that can give insight into 
the general population 
is a continual challenge 
in survey analysis. 
Surveys attempt to measure latent 
characteristics within a population 
of interest. Latent class analysis is 
a method for estimating these latent 
characteristics, especially when 
the observed data and the latent 
variable contain continuous as well 
as discrete or categorical responses. 
This article provides a brief 
introduction to the subject and its 
potential application for the military 
operations research analyst. 
The Army Resiliency Directorate 
(ARD) is the executive agency 
responsible for managing the Army's 
Ready and Resilient Campaign (R2C). 
This comprehensive campaign has an 
overall mission to change the Army's 
culture and understanding of how 
resilience is an important component 
of soldier, family, and unit readiness. 
To meet this objective, the campaign 
focuses along four lines of effort: 
refine policies and prioritize resources 
to improve soldier resilience, build 
and maintain resilience and readiness 
in soldiers and units, strengthen Army 
professionals, and communicate and 
lead the change (Army Resiliency 
Directorate, 2013). A critical program 
24 PHALANX - MARCH 2016 
for soldiers and their family members 
is Comprehensive Soldier and Family 
Fitness (CSF2). In this program, 
soldiers and their family members 
have access to online tools, and 
CSF2 training centers in select 
locations, to help them improve 
their resilience along five measured 
dimensions: social, family, spiritual, 
emotional, and physical (Army 
Resiliency Directorate, 2015). 
The gateway tool used to measure 
these resilience strength areas is the 
GAT 2.0. Implemented in January 
2014, GAT 2.0 is a self-reporting 
survey that is mandatory 
for soldiers and optional 
for family members. 
Upon completion of 
the GAT, respondents 
receive feedback on their 
level of fitness in each 
of the five dimensions. 
Respondents also 
receive suggestions for 
ways they can improve 
their GAT dimension 
fitness levels (Army 
Resiliency Directorate, 
2015). Responses are 
confidential and only 
seen by the individual 
taking the survey. 
Since GAT 2.0 is 





















to measure both physical and 
psychological dimensions in the 
same instrument, the ARD needed 
assistance in determining how these 
dimensions relate to an individual 
soldier's resiliency and, ultimately, 
readiness. A method we found 
useful in developing intuition into 
these relationships was latent class 
analysis. This article provides a brief 
introduction to the subject and its 
potential application for the military 
operations research analyst since 
this methodology is not usually 
taught as a part of an operations 
research curriculum. 
Background 
To understand latent class analysis, 
one must first understand mixture 
modeling. Mixture modeling is an 
unsupervised learning technique 
where the analyst attempts to 
discover hidden, or latent, subgroups 
within an observed dataset. 
Mixture modeling assumes the 
modeled latent variable is discrete 
or categorical, whereas factor 
analysis assumes a continuous 
latent variable. Analyzing a latent 
variable as categorical as opposed 
to continuous can provide decision 
makers better insights into 
understanding particular survey 
response patterns (Kirkwood, 1997). 
Another key assumption to mixture 
modeling is that the observed data is 
a combination of known parametric 
distributions (Picard, 2007). As 
with other latent variable models, 
mixture modeling also assumes local 
independence. In other words, the 
manifest variables used to determine 
a classification are independent of 
each other (Dean and Raftery, 2010). 
However, in situations where this 
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techniques an analyst can use to 
revise the latent model (Uebersax, 
2009; Subtil et al., 2012). A typical 
example used to illustrate mixture 
modeling is determining the gender 
of an individual based on the 
recorded heights of the population. 
In this situation, an observer records 
the heights of the individuals, but not 
the gender. Using mixture modeling 
techniques, we can still determine 
the gender of the individuals since 
the heights of males and females 
are normally distributed and their 
distributions are distinct, meeting 
the first assumption (Oberski, 2015). 
Since the recorded heights are 
independent measurements, the 
second assumption is met as well. A 
Google Scholar search will show that 
mixture modeling has applications in 
many areas of both the physical and 
social sciences. 
Latent class analysis is a type of 
mixture model in which both the 
observed and latent variables 
are discrete or categorical, or 
have continuous data that can be 
reasonably binned. It is also important 
to note that since the latent 
subgroups are not known a 
priori, latent class analysis is an 
exploratory technique. Similar 
to other exploratory techniques, 
there are model statistics to 
assist the analyst in choosing an 
appropriate latent class analysis 
model and an analyst could use 
cognitive diagnostic modeling 
as a confirmatory latent class 
analysis to internally validate 
the latent class analysis model 
(Templin and Henson, 2010). 
Latent Class Analysis 
Model 
In this section, we provide a brief 
overview of how latent class 
analysis works. (The reader is 
referred to Linzer and Lewis 
(2011), and Vermunt and Magidson 
(2004) for further details.) Assume we 
have individuals i = 1, ... , N responding 
to J survey questions each having 
~ outcomes that map to a latent 
categorical variable with a total of 
r classes or categories. Our goal 
is to estimate the probability of an 
individual who belongs to a particular 
latent class producing the observed 
set of responses. Mathematically we 
show this by 
(1) 
where rri,k is the class-conditional 
probability that an observation in class 
r produces the kth outcome of the jth 
variable; and ~ik is a binomial variable 
that equals 1 if individual chooses 
the kth outcome on the jth variable 
and O otherwise (Linzer and Lewis, 
2011). The probability density across 
every latent class is 
P(Y; I lZ',p) = 
±,o,rr~=lrri=l (JZ'j,k tjk 
r=l (2) 
where P, is the proportion of 
individuals that belong to class r. 
Thus, we use maximum likelihood to 
estimate values of both P, and rrirk' 
Note that we are estimating these 
parameters for each latent category 




The model will not have a unique 
optimal solution if the number of 
estimated parameters is greater than 
the total number of observations, or is 
one less than the total number of cells 
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Figure 1. General form of a latent class analysis model. 
in a cross-classification table of the 
observed variables (Linzer and Lewis, 
2011 ). Upon finding these estimates, we 
can compute the posterior probability of 
an individual i belonging to class r given 
an observed set of outcomes as 
"( )- P,f(Y;,'i) p f;,Y; __ R ___ _ 
IJ(Y;,rq) 
q=l 
Latent Class Regression 
The above model assumes that 
all individuals have the same prior 
probability of classification; however, 
using a set of covariates could 
(4) 
provide greater distinction in the prior 
probabilities (Linzer and Lewis, 2011 ). 
This process is called latent class 
regression and Figure 1 shows a graphic 
of the general latent class regression 
model. The depicted model consists 
of questions 1, ... , J that are used to 
estimate class membership of a latent 
variable C, which consists of r classes 
or categories. Additionally, X is a set of 
covariates used to assist in determining 
an individual's class membership (Linzer 
and Lewis, 2011 ). The probability 
density for latent class regression is 
similar to Equation 2, with the exception 
that P, is replaced by P,(X, {3). This new 
parameter pr(X, /3) is computed by: 
(5) 
where the parameter {3 is a vector of 
regression coefficients of the latent 
class r. Equation 5 shows that the log-
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Figure 2. Graphic depicting class membership based on the probability of endorsing "not like me at all" for 
GAT 2.0 Spiritual dimension questions. 
odds of class membership are a linear 
function of the covariates (Linzer and 
Lewis, 2011 ). The first latent class's 
coefficient is fixed to a value of 0; 
therefore, we will estimate a total of 
R - 1 coefficients in the latent class 
regression equation. 
Determining the Number of 
Latent Classes 
Determining the number of latent 
classes is a straightforward 
process that involves fitting a base 
model of just one latent class and 
fitting subsequent models with an 
increasing number of latent classes 
and comparing the results. We used 
Akaike information criterion (AIC) and 
Bayesian information criterion {SIC} as 
our primary means to compare and 
determine the best model fit. We also 
used the following supplementary 
data in our model fit analysis: log-
likelihood, the Pearson Chi-square 
(X2) goodness-of-fit statistic for fitted 
versus observed multiway tables, and 
the likelihood ratio/deviance statistic 
{G2}-a smaller value of this statistic 
is better and it indicates how much 
of the observed patterns describe 
the data (Linzer and Lewis, 2011 ). 
Generally, the lower the value of both 
AIC and BIC is considered optimal; 
however, it is easy to fit a model with 
too many categories making the 
interpretation of the over-fitted model 
difficult. Therefore, analyzing plots 
of the latent class distributions must 
accompany an evaluation of the AIC 
and SIC data. The poLCA package in 
R is a good recommended library to 
use in developing latent class models 
(R Core Team, 2014; Linzer and Lewis, 
2011 ). The poLCA function in the 
poLCA package uses the expectation 
maximization (EM) algorithm to 
estimate the parameters pr and njrk. 
We will not discuss the EM algorithm 
at length in this article, but we refer the 
interested reader to Picard (2007) for a 
detailed discussion of the mathematics 
used to develop the EM algorithm. 
Latent Class Analysis 
Application 
In this section, we will show an 
example of how we applied latent 
class analysis to model components 
of soldier resiliency in the Global 
Assessment Tool (GAT) 2.0. An 
important note when dealing 
with surveys is the inclusion of 
participation from an analyst's 
institutional review board (IRB) to 
determine if the survey analysis 
is human subject research. This 
is important because the analyst 
usually receives the survey data 
without prior input into the design 
of the survey, and the IRB is an 
important resource the analyst can 
use to ensure the rights of the survey 
participants are protected. In th is 
case, prior to analyzing the data, 
the Naval Postgraduate School 's 
IRB approved the study and the 
study team only analyzed data from 
GAT participants that consented to 
further research. The initial dataset 
consisted of 572,366 individual 
records of GAT 2.0 responses from 
January 2014-April 2015, but after 
cleaning and preparing the data, our 
final analysis dataset consisted of 
527,003 records. 
To conduct our analysis, we used a 
stratified sample of 50,000 soldiers 
out of the 527,003 sets of GAT 2.0 
responses available to develop a 
latent class regression model for 
each GAT 2.0 fitness dimension 
using a soldier's rank group (junior 
enlisted, senior enlisted, junior officer, 
senior officer, junior warrant, and 
senior warrant), gender, and service 
status (active duty, national guard, 
and reserve) as a covariate. After 
regressing on each fitness dimension 
individually, we conducted a latent 
class regression on all the fitness 
dimensions in order to create a 
resilience latent class. 
Although we analyzed all five 
dimensions, this section will only show 
the results of the spiritual dimension to 
illustrate how to model and interpret the 
findings of a latent class analysis. Table 
1 shows a summary of the questions 
that compose the spiritual dimension of 
the GAT 2.0. The reader will notice that 
a respondent has five answer choices 
when responding to each question. For 
our analysis, however, we reduced the 
total responses to three by combining 
responses (1) and (2) into "Not like me 
at all" and responses (4) and (5) into 
"Very much like me." 
The spiritual class model that provided 
the best fit is the three-class model with 
the covariates listed in Table 2. The ratings 
we developed are: very low spirit (20,047 
soldiers), low spirit (47,762 soldiers), and 
high spirit (459,194 soldiers). Based on 
the graphic in Figure 2, the very slow 
spirit class tends to respond with "not 
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connection to humanity questions. The 
low spirit class tends to rate themselves 
fairly low across all questions (Figure 3), 
whereas the high spirit respondents rate 
themselves higher across all categories, 
especially for the life purpose and 
dignity and worth questions (Figure 4). 
These results are important because 
decision makers can better allocate 
their resources in helping individuals or 
groups increasing their resilience because 
they know the specific questions that 
are driving the rating of the resilience 
dimension. By contrast, factor analysis 
only provides an aggregated summary 
score of an individual's responses, losing 
key information that would differentiate 
one respondent's response pattern from 
another's. Although this difference in 
aggregating the data may seem trivial, 
it is significant because the decision 
maker does not receive the individual 
GAT responses and the latent class 
analysis results can give them a better 
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Figure 3. Graphic depicting class membership based on the probability of endorsing "somewhat like me" for 
GAT 2.0 Spiritual dimension questions. 
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Table 1. The GAT 2.0 spirituality subscale questions measuring spiritual fitness. 
Q4813 I am a person of dignity and worth. 
Q4814 My life has meaning. 
Q4815 I believe that in some way my life is closely connected to all humanity and all the world. 
Q4816 The job I am doing in the military has enduring meaning. 
Q4817 I believe that there is a purpose for me life. 
Note: The general prompt for the questions is: Answer in terms of whether the statement describes how you actually live 
your life. The question responses are: (1) Not like me at all, (2) A little like me, (3) Somewhat like me, (4) Mostly like me, 
and (5) Very much like me. 
Spiritual dimension responses. Ultimately, Latent class analysis provides a way 
this increased understanding not only to meet that challenge. Opponents 
leads to understanding the sizes of of latent class analysis argue that this 
the analyzed populations but also how method is exploratory and subjective 
program and policy changes influences in nature. While this may be true, 
those populations in future studies. latent class analysis still provides key 
findings that would not be available 
otherwise, and there are techniques 
available to internally validate the model 
findings similar in manner similar to a ,.t 
confirmatory factor analysis. T 
In Conclusion 
A problem when analyzing complex 
surveys is organizing the respondents 
into meaningful taxonomies that can 
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Figure 4. Graphic depicting class membership based on the probability of endorsing "very much like me" for 
GAT 2.0 Spiritual dimension questions. 
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